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Abstract: Increasingly, attention is being directed towards time-dependent diffusion magnetic resonance imaging (TDDMRI), a
method that reveals time-related changes in the diffusional behavior of water molecules in biological tissues, thereby enabling
us to probe related microstructure events. With ongoing improvements in hardware and advanced pulse sequences, significant
progress has been made in applying TDDMRI to clinical research. The development of accurate mathematical models and
computational methods has bolstered theoretical support for TDDMRI and elevated our understanding of molecular diffusion. In
this review, we introduce the concept and basic physics of TDDMRI, and then focus on the measurement strategies and modeling
approaches in short- and long-diffusion-time domains. Finally, we discuss the challenges in this field, including the requirement
for efficient scanning and data processing technologies, the development of more precise models depicting time-dependent
molecular diffusion, and critical clinical applications.
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1 Introduction

Diffusion magnetic resonance imaging (dMRI) is
a promising “super resolution” technology widely used
in preclinical and clinical research, which probes the
microstructure of tissues by measuring the diffusion
behavior of water in different microenvironments and
enables non-invasive depiction of voxel averaged infor-
mation of biological tissues at the cellular scale.

Time-dependency is a fundamental characteristic
of the diffusion behavior of water molecules in biolog-
ical tissues. The diffusion process is significantly influ-
enced by cellular and subcellular structures. During
short diffusion times, the diffusion distance is limited
and the molecules hardly encounter tissue structures,
behaving more as if in free diffusion. However, as the
diffusion time increases, the diffusion distance also

P4 Dan WU, danwu.bme@zju.edu.cn

Ruicheng BA, https://orcid.org/0000-0003-0475-8225
Dan WU, https://orcid.org/0000-0002-9303-5821

Received Mar. 11, 2024; Revision accepted June 2, 2024;
Crosschecked July 7, 2024; Online first Aug. 22, 2024

© Zhejiang University Press 2024

increases, leading to a higher likelihood of water mol-
ecules interacting with obstacles within the tissue.
When the diffusion time is sufficiently long, the mole-
cules become restricted within a compartment or move
by exchange from the initial compartment to another.
These effects are reflected in magnetic resonance imag-
ing (MRI) signals, manifested as diffusion signal values
positively correlated with diffusion time due to restric-
tion in short timeframes, and approaching a negative
correlation with diffusion time near the long-time limit
due to exchange. It is important to note that with increas-
ing diffusion time, the signal becomes more coarse-
grained, resulting in the loss of microstructural details
that reflect specific shapes, while the proportion of
information representing global characteristics increases
(Lemberskiy et al., 2017a; Reynaud, 2017; Novikov
etal., 2019; Xu, 2021; Wu et al., 2024).

To more accurately describe and quantify the
time-dependent characteristics of molecular diffusion,
researchers have proposed a series of mathematical
models and computational methods (Kérger, 1985;
Kérger et al., 1988; Novikov and Kiselev, 2011;
Novikov et al., 2011, 2014; Panagiotaki et al., 2014;
Jiang et al., 2016; Reynaud et al., 2016; Jelescu et al.,
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2022; Olesen et al., 2022; Gardier et al., 2023). These
models and methods not only provide strong theoreti-
cal support for time-dependent diffusion magnetic res-
onance imaging (TDDMRI) but also bring our under-
standing of molecular diffusion to a new level, forming
the basis of the TDDMRI technique. The models men-
tioned in this review are listed in Table 1.

TDDMRI has received increasing attention in
recent years. It reveals changes in the diffusion behav-
ior of molecules over time, allowing us to understand
and reconstruct this complex biological process. The
technique requires a series of time-series dMRI sig-
nals, which are decoupled to extract microstructural
information by modeling the dMRI signal as a func-
tion of time, diffusion weighting, and microstructural
parameters. Modern dMRI is based mainly on a two-
dimensional parameter space (g-¢ space) of diffusion
weighting and diffusion time (Burcaw et al., 2015).
Previous studies have focused mainly on exploring the
g-space as extensively as possible within clinical con-
straints, akin to observing the details of static samples
with higher magnification and more orientations using
a microscope. Recently, there has been a shift towards
t-space-based research, which concentrates on discov-
ering features by observing the dynamic changes of
samples. This distinction represents a pivotal difference
between these two categories of studies. However, it is
essential to recognize that research within the g-¢ space
is not disjointed: studies in the ¢-space also necessitate
diffusion weighting to some extent. Thus, the TDDMRI

used in this study includes dMRI encoding that varies
diffusion time with or without changed diffusion weight-
ings, and strongly relies on the time-dependency.

Several efforts have been made to develop im-
proved hardware and optimize advanced sequences to
address the challenges of clinical transformation (Xu,
2021; Wu et al., 2024), and TDDMRI has become a vital
tool in clinical experiments. Specifically, TDDMRI is
used extensively in the preclinical investigation of ani-
mal models pertaining to tumors (Panagiotaki et al.,
2014; Jiang et al., 2016, 2017, 2019, 2020b, 2024;
Reynaud et al., 2016), brain diseases (Novikov et al.,
2014; Lee et al., 2020b), and other diseases (Novikov
et al., 2011; Winters et al., 2018), thereby contributing
substantially to foundational research in these fields.
Clinically, TDDMRI has improved our understanding
of disease pathophysiology, such as changes in cell
size and permeability during tumor progression, and
has refined diagnostic approaches. It has also shown
promise in early tumor detection and neurological dis-
ease assessment by enhancing diagnostic accuracy (Pan-
agiotaki et al., 2015; Fieremans et al., 2017; Xu et al.,
2020; Lemberskiy et al., 2021; Zhang et al., 2021;
Solomon et al., 2023). In summary, though still in the
early stages of clinical translation, TDDMRI has shown
significant utility across various disease models and
diagnostic applications.

Despite these crucial developments in TDDMRI
research, we still face many challenges. In the itera-
tion of hardware and acquisition schemes, we need to

Table 1 Summary of existing signal models mentioned in this review

Model Acquisition Status of application First proposed
POMACE OGSE, PGSE Animal model in vivo and in vitro Reynaud et al., 2016
IMPULSED OGSE, PGSE Simulation, cell, animal in vivo, human in vivo Jiang et al., 2017
VERDICT PGSE Cell, animal in vivo, human in vivo Panagiotaki et al., 2014
rVERDICT PGSE Human in vivo Palombo et al., 2023
SSIFT OGSE, PGSE Simulation, cell, animal in vivo, human in vivo Devan et al., 2022
OGSE ActiveAx OGSE Simulation, animal tissue model Kakkar et al., 2018
Power law OGSE, PGSE Simulation, cell, animal in vivo, human in vivo Novikov et al., 2014
RPBM STEAM Simulation, tissue, animal in vivo, human in vivo Novikov et al., 2011
Karger model PGSE Simulation, cell, animal in vivo, human in vivo Karger, 1985
TDKI STEAM Simulation, phantom, animal in vivo, human in vivo Jensen et al., 2005
JOINT OGSE, PGSE Simulation, cell, animal in vivo, human in vivo Jiang et al., 2022
NEXI PGSE Simulation, animal in vivo Jelescu et al., 2022
CEXI PGSE Simulation Gardier et al., 2023

POMACE: pulsed and oscillating gradient MRI for assessment of cell size and extracellular space; SSIFT: selective size imaging using filters
via diffusion times; RPBM: random permeable barrier model; TDKI: time-dependent diffusion kurtosis imaging; NEXI: neurite exchange
imaging; CEXI: cellular exchange imaging; OGSE: oscillating gradient spin echo; PGSE: pulsed gradient spin echo; STEAM: stimulated echo

acquisition mode



develop more efficient scanning and data processing
technologies to improve the quality and efficiency of
imaging. As for research on theory and methodology,
we need to propose more scientific and accurate models
to describe and quantify the time-dependent behavior
of molecular diffusion. In clinical applications, we
should strive to develop more clinical application sce-
narios to translate this technology from basic research
to clinical applications. Besides, the broader clinical
application of TDDMRI necessitates multi-center stud-
ies, which have yet to be conducted.

In this review, we focus mainly on the two extreme
time domains: short diffusion time and infinitely long
diffusion time. The short-time domain captures insights
into constrained microstructural information, while the
long-time domain reflects the transmembrane water ex-
change in the diffusion process. Note that some models
may simultaneously use assumptions from both time
domains. In this review, we classify models based on
the types of parameters they mainly focus on. We first
introduce the physical picture of water molecules dif-
fusing in these two domains and define the division of
long- and short-time domains. We then discuss the pri-
mary sequence protocols used in the two time domains
and detail some widely used analytical and micro-
structure modelling imaging methods, as well as the
application of these methods and models to various
tissues and diseases. Some views on possible future
directions of time-dependent diffusion technology are
also presented.

2 Concept and fundamental issues

The diffusion time ¢, plays an important role in
restricted diffusion systems, and dMRI signals vary
with 7, (Stejskal and Tanner, 1965). Typical diffusion
measurements are more sensitive to length scale L(7)
related to the root-mean-square displacement of diffu-

sion (x*(¢)), i.e., L(t,) =, /<x2(td)> =\/2dDt,, where

d represents the diffusion dimension, and D symbolizes
the diffusion coefficient. As ¢, increases, water mole-
cules coarsen the underlying microscopic structure on
an increasing length scale L(z,). When L(¢,) — o, the
medium becomes completely homogeneous, yielding
the asymptotic diffusion coefficient D, being constant.
Thus, the effective diffusion will exhibit different forms
as diffusion time increases, as shown in Fig. 1. Due to
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Fig. 1 Relationship between effective diffusion time (z,;) and
root mean square displacement (RMSD) in time-dependent
diffusion, along with an example of time-dependent diffusion:
diffusion spectra quantified with apparent diffusion coefficient
(ADC) of restricted water diffusion inside impermeable
spheres with diameters of 3, 6, 10, and 20 pm. The gray band
divides the spectrum into two regions, representing the
readily accessible spectral ranges for PGSE (left) and OGSE
(right) methods, respectively. Reprinted from (Jiang et al.,
2016), Copyright 2016, with permission from John Wiley
and Sons

the complexity and heterogeneity of biological tissues,
it is impossible to describe the whole evolution pro-
cess of D(¢,) or L(t,) using mathematical formulas.
However, we can obtain analytic solutions for extreme
cases, resulting in approximate expressions of diffu-
sion signals and diffusion coefficients under specific
conditions. Generally, the tissue characteristic diffu-
sion time ¢,~R*/D serves as the boundary, where R is
the restriction size of the tissue. If ¢, < 7., it is consid-
ered a measurement in the short-time regime, whereas
if ¢,>> ¢, it is considered a measurement in the long-
time domain or approaches the tortuosity limit situa-
tion. In practical applications, the typical constraints
on ¢, tend to be less than or equal to ¢, for a short-time
regime and an-order higher than ¢, for a long-time
regime. Note that short- or long-time regime catego-
rization is a relative concept, as the ¢, values are quite
different in various microstructures. Most thin nerve
fibers in humans were found to be shorter than 2 um
(Saliani et al., 2017). Given radial diffusivity of around
1.5 um’/ms (Lee et al., 2020a), a typical short-time
regime is of the order of a few milliseconds accord-
ing to the equation #.~R*/D, whereas the size of tumor
cells generally varies between 10 and 20 um (Hao et al.,
2018), corresponding to a short-time regime in the
range of tens of milliseconds. Therefore, our subse-
quent division of the long- and short-time regimes was
based solely on the relative size of ¢, compared to z,,
rather than comparing it to a fixed time value.
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3 Measurement strategies
3.1 Measurement in the short-time regime

The sensitivity to tissue microstructure depends
on the applied gradient waveform for acquiring dMRI
data. Measurements in the short-time regime generally
apply the oscillating gradient spin echo (OGSE) se-
quence (Stejskal and Tanner, 1965; Mitra et al., 1992;
Schachter et al., 2000), which replaces oscillating gra-
dients with pulsed gradients (Fig. 2a), thereby achiev-
ing a shorter diffusion time under hardware limitations.
The higher the oscillation frequency of OGSE, the
shorter the achievable diffusion time. It is generally
considered that the frequency f'is related to the effec-
tive diffusion time z,; according to 7= 1/(4f) (Parsons
et al., 2003; Baron and Beaulieu, 2014; Xu et al.,
2014). However, some research suggests this relation-
ship might not be accurate (Lemberskiy et al., 2017b;
Xu, 2021). Early OGSE imaging research used sine
or cosine modulated gradient waveforms. To ensure a
concentrated sampling frequency and achieve high b
values at a certain maximum gradient amplitude, cosine
modulated trapezoidal waves (commonly referred to
as cosine trapezoidal waves) (Van et al., 2014) were
introduced and have been widely used in almost all
recent human OGSE imaging studies (Gore et al., 2010;
Xu, 2021). On standard clinical MRI systems (with
maximum gradient G,, =80 mT/m and maximum slew
rate R_,,.=200 T/(m-s)), the realizable OGSE is gener-
ally /=50 Hz and 5=500 s/mm’. Recent preliminary mea-
surements of OGSE using MAGNUS yielded /=105 Hz
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Fig. 2 Waveform of (a) PGSE, (b) OGSE, and (¢) STEAM
protocol. ¢: echo time; 7=¢/2

and b=1000 s/mm’ with G,, =200 mT/m and R, =

500 T/(m-s) (Foo et al., 2020; Tan et al., 2020).
3.2 Measurement in the long-time regime

For long-time regime measurements, the pulsed
gradient spin echo (PGSE) sequence (Stejskal and
Tanner, 1965) is widely applied for diffusion encoding
due to its efficient diffusion weighting. This method
uses two pulse diffusion gradients, each with a dura-
tion of 0 and an interval time of 4 (Fig. 2b). The effec-
tive diffusion time is generally represented as ¢,,=4-0/3
(Stejskal and Tanner, 1965). In human MRI systems,
due to hardware limitations, PGSE is capable of achiev-
ing only relatively long diffusion times (e.g., ¢,,=20—
100 ms) (Clark et al., 2001; Grussu et al., 2019; Lee
et al., 2020b). Furthermore, the T2 relaxation in the
spin-echo measurements at relatively long echo times
greatly reduces the signal-to-noise ratio (SNR). Stimu-
lated echo acquisition mode (STEAM) sequence (Mer-
boldt et al., 1991) is also used for TDDMRI. The wave-
form is shown in Fig. 2c. After applying diffusion gra-
dients, a third 90° pulse is applied to store the signal on
the longitudinal plane. After a mixing time ¢,, another
90° pulse returns the longitudinal pulse to the trans-
verse plane, thus eliminating signal T2 decay during the
diffusion time. This effectively renders a more extended
diffusion time and improves sensitivity to longer dif-
fusion times (e.g., ,=100—800 ms) (Zhang et al., 2021;
Solomon et al., 2023). However, diffusion-weighted
STEAM (DW-STEAM) leads to a reduction in signal
by half, resulting in a lower SNR compared to tradi-
tional sequences (Kleinnijenhuis et al., 2018; Solomon
etal., 2023).

These sequences were developed to capture the
diffusion characteristics of microstructures in the short-
and long-time regimes (e.g., restriction and exchange).
Recently, novel waveforms, such as free gradient wave-
forms, have been proposed, allowing the selection of
suitable models for the highest contrast based on the
research purpose (Chakwizira et al., 2023). Several stud-
ies have combined the long- and short-time domain
forms (Novikov et al., 2011; Jiang et al., 2016, 2017,
2019, 2021, 2022; Reynaud et al., 2016; Johnston et al.,
2019). Reports suggest that the combination of high-
frequency and low-frequency OGSEs with standard
PGSE gradients can achieve higher microstructural
detection sensitivity (Xu et al., 2012, 2014). For bio-
logical tissues of changeable scales, the concepts of



long- and short-time regimes are relative; therefore, it is
essential to choose appropriate measurement scales and
sequence protocols based on the observed structure’s
characteristics when measuring different tissues.

4 Simulation results and discussion
4.1 Diffusion in the short-diffusion-time regime

4.1.1 Physical picture: behavior of water molecules
diffusing in the short-time regime

During the diffusion process in biological tissues,
water molecules will continuously encounter barriers
that limit or hinder diffusion. These restrictions or
obstacles reflect the microscopic structure of the tissues,
such as cell size and volume fraction, which in turn
provide an opportunity for non-invasive exploration of
tissue status. The progression of many diseases is often
accompanied by alterations in cellular or subcellular
microstructural characteristics. For example, differ-
ences are apparent in cell density and cell size between
the substance, edema, and necrotic area of tumors and
normal tissues. Neurological swelling caused by hy-
poxia and ischemia (Warach et al., 1995), astrocytic
edema and morphological changes like bead-like for-
mations (Budde and Frank, 2010), as well as altera-
tions induced by mechanical pressure on the tissue are
features of certain diseases (Hattori et al., 2011). Infor-
mation reflected by the short diffusion time might offer
greater sensitivity for detecting disease progression.
Therefore, the short diffusion time provides powerful
candidate indicators for the specific and non-invasive
description of the cellular structural features of brain
neurons, various tissue cells, and tumor cells.
4.1.1.1 Signal and ADC contrast

Many diseases can impact tissues at the cellular
and subcellular scales, but alterations can be obscured
by the coarse-graining effect of long diffusion times
(Novikov et al., 2019). It is evident that the short-time
domain signal, typically obtained by OGSE, is differ-
ent from the signal measured by PGSE and contains
different microstructural information. The apparent dif-
fusion coefficient (ADC) is a critical metric of dMRI,
reflecting comprehensive cellular-level information.
However, in tissues, the ADC is expected to vary with
the change of b value (decreasing with increasing b
value) and diffusion time (increasing for short dif-
fusion times), and the changes of ADC over time
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(AADC) caused by the time-dependence of diffusion
can also reflect additional microstructural informa-
tion. Common indicators include a direct comparison
between ADC; and ADC,:, change in ADC (cADC=
ADC;:—ADC,: or AADC), or relative change in
ADC (rcADC=(ADC y;s;=ADC, )/ ADC ). As one
of the earliest attempts to interpret ADC, diffusion
tensor imaging (DTI) provides reliable microstructural
indicators. The application of OGSE enables DTI to
acquire new information at smaller scales hitherto
unseen in typical PGSE imaging (Clark et al., 2001;
Xu, 2021).

The differential diagnosis and treatment of tumors,
especially brain tumors, continue to be a hot research
area in medicine. In recent years, researchers have dis-
covered that shorter diffusion times can yield a higher
diffusion signal contrast or ADC differentials, provid-
ing a non-invasive method for distinguishing between
benign and malignant tumors, tumors and normal tis-
sues, and different types of tumors (Colvin et al., 2008,
2011; Xu et al., 2012; Bongers et al., 2018; Iima et al.,
2019; Zhu et al., 2023). Several mouse tumor model
studies found that the tumor ADC measured by PGSE
at typical diffusion times did not significantly differ
from that of normal tissue, whereas the tumor ADC
measured by short-diffusion-time OGSE was higher
than that of the surrounding tissue, enhancing the con-
trast between tumor and normal tissue regions. More-
over, ADC,; significantly increased during radiation
and chemotherapy, corresponding to a response to treat-
ment (Colvin et al., 2011; Xu et al., 2012; Bongers et al.,
2018). These findings aligned with the results of human
scan studies of various conditions such as head and neck
tumors, brain gliomas, and prostate tumors (Lemberskiy
etal., 2017a, 2018; lima et al., 2019; Zhu et al., 2023).

In addition, some studies have reported that malig-
nant tumors exhibit more significant ADC differentials
compared to benign tumors, which suggests the possi-
bility of using AADC to determine the malignancy of
tumors. Kamimura et al. (2023a) conducted a retro-
spective human study and successfully used AADC to
distinguish between glioblastoma and brain metasta-
sis in the enhanced region (p<0.01), significantly sur-
passing the conventional ADCOHz method in terms of
area under curve (AUC) (AUC,,,=0.877, AUC, o=
0.595, p<0.001). Maekawa et al. (2019) found that ADC
values measured by OGSE (¢,=6.5 ms) and PGSE (¢~
35.2 ms) were lower in choroid plexus cysts than in
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cerebrospinal fluid under short diffusion times, indicat-
ing restricted spatial diffusion and increased cystic vis-
cosity. For non-axial brain tumors, high-grade tumors
had higher AADC(max) and rcADC(max) values for
ADC absolute differences in OGSE and PGSE mea-
surements than low-grade tumors (p<0.01), while the
AADC(max) values for normal white matter were lower
than those for high-grade and low-grade brain tumors
(Maekawa et al., 2020). Non-axial brain tumor studies
showed that compared to meningiomas (AADC=15.7,
+4.4%) and auditory nerves (AADC=12.4, +£8.2%), pitu-
itary adenomas (AADC=46.8, +£11.3%) had the highest
average (standard deviation) relative percentage change
in ADC, i.e., they showed a stronger diffusion time
dependency (Maekawa et al., 2023).

In addition to brain tumors, studies on hepatocel-
lular carcinoma (Wagner et al., 2020) and breast cancer
(Someya et al., 2022) have also shown greater temporal
changes in ADC in the pericancerous area. Malignant
tumors have higher AADC values than benign tumors
(Iima et al., 2020a), and the AADC performance in
different molecular types of breast cancer also differs
(Iima et al., 2021).

Another major use for short-diffusion-time diag-
nostics is in strokes. As a sensitive method for diagnos-
ing stroke, dMRI has been widely applied, and it has
been reported that the contrast between ischemic lesions
and normal tissue decreases with shorter diffusion times
(Baron et al., 2015; Boonrod et al., 2018). Given
PGSE’s high sensitivity to stroke, short-diffusion-time
OGSE imaging might not replace stroke diagnosis, but
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could provide new insights into stroke lesions (Xu,
2021). The difference in signal contrast between short
and long diffusion times potentially results from stroke-
related occurrences such as neural beading and axonal
swelling (Warach et al., 1995; Budde and Frank, 2010;
Baron et al., 2015; Boonrod et al., 2018). Simulations
and animal experiments have shown that ADC mea-
surements from high-frequency OGSE can provide dif-
ferences in contrast between cell layers (Aggarwal et al.,
2012; Wu et al., 2014); cADC was significantly higher
in the ipsilateral region of oxygen-glucose deprivation
damaged brains, potentially indicating sensitivity to
subcellular structures (Aggarwal et al., 2014; Wu et al.,
2014, 2019), a result confirmed by human experiments
(Gao et al., 2021; Xu, 2021).

In addition, the signal contrast brought about by
shorter diffusion times, direct comparison between
ADC,;, and ADC,;, as well as the change in ADC
values have provided new insights into the microstruc-
tural differences between different brain tissue struc-
tures (Grussu et al., 2019; Foo et al., 2020), and diag-
noses of diseases such as normal pressure hydroceph-
alus (NPH), epidermoid cyst, multiple sclerosis, and
Duchenne muscular dystrophy (McDowell et al., 2021;
Xu, 2021). Fig. 3 shows the ADC,; and ADC,. maps
in different diseases. In animal and human experi-
ments, OGSE DTI studies have consistently found that
shorter diffusion times lead to significant increases
in DTI eigenvalues of grey matter, and declines in the
fractional anisotropy (FA) of white matter (Kershaw
et al., 2013; Baron and Beaulieu, 2014). In one animal
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Fig. 3 (a) Color ADC maps of rat brain tissue inoculated with glioblastoma cells (a smaller #, provides an increased
contrast and shows more spatial heterogeneity inside brain tumors) (reprinted from (Colvin et al., 2008), Copyright 2008,
with permission from American Chemical Society); (b) Images of raw DWI, PGSE MD, and OGSE MD of human brain
with ischemic stroke (DWI: diffusion-weighted imaging; MD: mean diffusivity) (reprinted from (Baron et al., 2015),
Copyright 2015, with permission from Wolters Kluwer Health, Inc.). References to color refer to the online version of
this figure



experiment, the frequency dependence of the vertical
diffusion rate in the corpus callosum was significantly
higher, and high-resolution 3D diffusion tensor images
obtained from high-frequency oscillating gradients
could be used to distinguish different cellular layers
in the brain and cerebellum (Aggarwal et al., 2012).
Recently, a study discovered that the time-dependence
of diffusion tensor imaging is related to age and gen-
der differences (Tétreault et al., 2020). Frequency-
dependent DTI using OGSE in whole-body gradient
systems can be used for in vivo human research, but is
restricted to relatively low b values and/or oscillation
frequencies (i.e., f;,.%b,,.<0.035 um™) (Dai et al., 2023).

Xu et al. (2012) observed competing effects at
different length scales in live tissue using dMRI tech-
nology, with high-frequency OGSE being more sen-
sitive to subcellular scales and PGSE being more
sensitive to cellular scales. The signal expression in the
mid-frequency range may be affected by changes in cell
density and intracellular structure. Given the com-
plexity and heterogeneity of biological tissues, the set-
tings of ¢; (Lemberskiy et al., 2018; lima et al., 2019;
Kamimura et al., 2023b) and the selection of thresh-
olds (Shi et al., 2018) have a significant impact on the
classification results based on AADC for distinguishing
different tumors. Generally, variation brought by differ-
ent diffusion times shows tremendous potential for dis-
tinguishing and diagnosing tumors using ADC values.
However, since there is no standardized comparison
sequence or ADC/signal intensity threshold for differ-
ent diseases, differences stemming from different dif-
fusion times are more suitable as auxiliary diagnostic
information (Iima et al., 2020a). More quantitative re-
search and long-term clinical validation are still needed
to standardize the process of data analysis, improve the
accuracy of differentiation, reduce the risk of misdiag-
nosis, and eventually achieve individualized, precise
disease diagnosis and prognosis.
4.1.1.2 Frequency dependence of D(7)

Measuring diffusion signals and diffusion metrics
over a wide range of frequencies and diffusion times
can obtain the diffusion spectrum, which is the ideal
parameter for describing the comprehensive informa-
tion of tissue microstructures (Xu, 2021). If we con-
sider =1/w, then at the high-frequency range (w— ),
the equation derived by Mitra et al. (1993) and Parsons
et al. (2006) in porous media can be generalized under
both PGSE and OGSE as D(f)~» ™" (Novikov and
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Kiselev, 2011; Xu et al., 2011). In the short-time
domain, its expression is as follows (Novikov and
Kiselev, 2011):

4 S /Dy
3dvn VN o

D(w) EDo(l— ) Dy=D|,,.. (1)

The validity of surface-to-volume ratio (S/V) esti-
mates was verified on sedimentary rocks and beads
(Reynaud, 2017). Note that studies have shown that
although in extremely short diffusion times, subcellular
structures such as the cell nucleus may affect the accu-
racy of the expression, the relative apparent S/V still
provides a valuable parameter to describe the micro-
structure of tissues (Xu et al., 2011; Reynaud et al.,
2016). In cellular models, an average ADC disper-
sion rate in the range 50—250 Hz demonstrated sensi-
tivity to the treatment of colorectal tumor SW620 with
barasertib (Reynaud, 2017). In mouse models, high-
frequency oscillating gradient images revealed dif-
ferent frequency dependences for different cellular
layers (Aggarwal et al., 2012; Wu et al., 2014). For
example, in a model of demyelination, structures with
high frequency-dependent ADC increases were pro-
nounced in demyelinated mice (Aggarwal et al., 2012).

However, ex vivo experiments performed on kid-
ney and liver tissue showed very little contrast with dis-
persion rate compared to conventional ADC (Reynaud,
2017).

In humans, the diffusion time required for the spa-
tial scale of human muscle fibers (30—50 um) is several
hundreds of milliseconds, making short-time domain
research viable (Novikov et al., 2011). The Mitra mech-
anism range of human brain fibers may be less than
1 ms, thus requiring frequencies greater than 1 kHz.
In clinical MRI systems, due to the limitation of gradient
strength, short-diffusion-time mechanisms are often
less suitable for detecting the mesoscale structures in
biological tissues.

Therefore, the power-law form of the short-time
domain is more suitable for reflecting structural features,
differentiating between long- and short-time domains,
or being applied as a constraint condition in models
such as RPBM (Novikov et al., 2011) or POMACE
(Reynaud et al., 2016).
4.1.1.3 Frequency dependence of kurtosis value K(¢)

In addition to the frequency dependence of ADC
or DTI eigenvalues, studies have found that kurtosis
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values K(?) also show frequency dependence. Numerous
simulations and animal experiments have observed the
non-monotonic behavior of kurtosis changing with
time, increasing in the short-time domain and decreas-
ing in the long-time regime (Aggarwal et al., 2020;
Lee et al., 2020b). However, this phenomenon has not
yet been observed in human experiments.

Even under the OGSE sequence with the highest
frequency of 47.5 Hz, Dai et al. (2023), using the
high-performance MAGNUS gradient magnetic reso-
nance imaging system, observed frequency dependence
of diffusion rates and kurtosis in both entire and local-
ized white matter (WM) and gray matter (GM) areas of
humans, but the kurtosis always showed a decreasing
trend over time.

In mouse experiments, Wu et al. (2018) reported
that OGSE kurtosis measurements could provide more
information about microstructural changes after isch-
emic stroke. However, due to technical challenges such
as the performance of gradient systems, discoveries
from simulation and animal studies regarding time/
frequency-dependent diffusion MRI have not been fully
translated into in vivo human research (Borsos et al.,
2023; Dai et al., 2023).

4.1.2 Models and applications

Within the short-time regime, novel insights into
the diagnosis of various diseases rely mainly on signal
contrast, the time dependence of the signal in the short-
time domain, and the quantified biophysical indicators
of cell structural features.

Microstructure modeling in the short-time domain
typically assumes Gaussian diffusion and simplifies
cells into basic geometric structures, such as axonal
cells viewed as cylinders, or tumor cells viewed as
spheres or hollow spheres. The signal expression mea-
sured by the PGSE sequence in simple geometries was
first derived by Stejskal and Tanner (1965). Jiang et al.
(2016) updated the expression measured using the
OGSE sequence, meeting the need for signal analytical
expressions at shorter diffusion times. Based on these
expressions, there are currently three models that are
widely used preclinically or clinically: IMPULSED
(Jiang et al., 2017), POMACE (Reynaud et al., 2016),
and VERDICT (Panagiotaki et al., 2014).
4.1.2.1 POMACE

The POMACE model is a two-compartment model
in the absence of exchange (Reynaud et al., 2016). It

measures a high-frequency OGSE to estimate the
surface-to-volume ratio and free diffusion rate D,, and
then fittings are made to the model of impermeable
spheres soaked in extracellular space (ECS), with low-
frequency OGSE and PGSE measurements assessing
four model parameters, including ECS, cell radius
(R.,), and diffusivities in the intracellular and extracel-
lular spaces (D, and D,.). POMACE is used mainly
for tumor models.

In vivo and in vitro experiments on the GL261
glioma mice model showed that the measured ECS
matched previous research and correlated well with
microscopic optics. Additionally, cell sizes broadly
aligned with electron microscope (EM) measurements.
However, the high oscillating frequency of OGSE
makes clinical translation of POMACE a great chal-
lenge (Reynaud, 2017). As yet, there are no cases of
POMACE being used in humans.
4.1.2.2 IMPULSED

The IMPULSED model is also a two-compartment
model without exchange (Jiang et al., 2017). It collects
OGSE measurements at various frequencies and a
single PGSE measurement at a relatively long diffusion
time. This model quantifies microstructural parameters
such as cell size, density, and intercellular and extra-
cellular diffusion coefficients, with a primary focus on
size estimation. Its basic form is

S 5.(dD) + (1-£) Sl Dasnf). ()

S,
where S, is the signal without diffusion weighting, f;
is the relaxation-weighted intracellular signal fraction,
and S, and S, are the intercellular and extracellular
signals, respectively. S, is modeled by diffusion within
spheres of diameter d,, with intrinsic cytosol diffusivity
D,. S, is modeled as

Sl Do B) =expl =D+ )1, 3

where D, is the extracellular diffusion rate at fre-
quencies close to 0, and f is the slope of extracellular
diffusion coefficient with respect to frequency f, which
contains information on structural dimensions.

The IMPULSED model is applied mainly to brain,
breast, and liver tumor models. Initial experiments
on mouse erythroleukemia (MEL) and human K562
early granulocytic leukemia cells demonstrated a high



consistency between cell diameters estimated by the
model and cell sizes obtained from optical microscopes
(Jiang et al., 2017). Jiang et al. (2017) further demon-
strated that the IMPULSED model, using a high-
frequency /=150 Hz (z,=1.7 ms) OGSE, low-frequency
/=50 Hz (¢.,;=5.0 ms) OGSE, and PGSE (¢,,=46.7 ms) in
in vivo tumor models, showed a positive correlation
between the histology of tumor cells and IMPULSED-
derived cell density (Spearman coefficient is 0.81; p<
0.0001). They also found that using MRI to derive cell
size could detect significantly reduced triple-negative
breast tumors after treatment (»p<0.05). This dem-
onstrated the feasibility of applying the IMPULSED
method for deriving quantitative microstructural param-
eters in preclinical tumor models and its capacity as a
biomarker to describe cancer characteristics and prog-
nosis, and to detect radiotherapy responses (Jiang et al.,
2017, 2019, 2020b, 2024).

Xu et al. (2020) reported the first application of
OGSE imaging in human breast tumors in vivo with z,
ranging from 8.77 to 66.7 ms. They mapped micro-
scopic indicators such as breast tumor cell size, and
assessed variation in cell size within tumors of breast
cancer patients (Xu et al., 2020). They also reported
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the first application of OGSE imaging in human livers
in vivo with ¢, from 2.5 to 38.7 ms (Jiang et al., 2020a).
Studies thereafter demonstrated the clinical feasibi-
lity of characterizing the cell microstructure using the
IMPULSED model. Zhang et al. (2023) measured the
IMPULSED signals using OGSE (=50 and 25 Hz) and
PGSE (=30 ms) sequences while limiting the acqui-
sition time to about 4.5 min. Their study showed a
good correlation between IMPULSED-derived £, and
histological results (#=0.7, p<0.0001) and found that the
cell density derived from IMPULSED (p=d/(f,x100))
had the highest AUC (0.91) in distinguishing high- and
low-grade gliomas, outclassing traditional indicators.
Ba et al. (2023) also verified that in breast cancer cells,
the correlation between IMPULSED-estimated diam-
eter and histological values was very good (7=0.84, p<
0.0001), and the size of breast tumors derived from
the IMPULSED model had significance in distinguish-
ing breast tumor molecular subtypes, with estimated d
significantly higher than that in the HER2-positive
group and LN-positive group (p<0.05) (Fig. 4). They
also reported the high requirements of the IMPULSED
model in clinical trials for sequence aspects such as
minimum diffusion time and SNR.

IMPULSED fitting

Diameter

Fig. 4 IMPULSED-derived microstructure properties of breast tumor (for more details refer to Ba et al. (2023)).
Reprinted from (Ba et al., 2023), Copyright 2023, with permission from Springer Nature
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However, IMPULSED simplifies cancer cells as
spheres and assumes that the average cell size derived
from the use of IMPULSED includes all cell types
(such as cancer cells, matrix cells, and lymphocytes).
It is challenging to specifically distinguish between
cancer cells and other cells without anticipating the dis-
tribution of cell sizes. Refinements to the IMPULSED
model would need to consider estimating cell mor-
phology, cell distribution (Xu et al., 2021), membrane
permeability (Jiang et al., 2022), modeling of extracel-
lular space (Xu et al., 2023), and the effects of intra-
voxel incoherent motion (IVIM) and T2 relaxation.
The improvements in modeling assumptions and clini-
cal use with temporal diffusion spectroscopy (TDS)
to some extent enhance the accuracy and stability of
the model. Some researchers are working to improve
the stability and accuracy of model fitting in the fit-
ting algorithm to enhance the robustness of fitting
under a low SNR (Wu et al., 2023; Liu et al., 2024).
However, the microstructural parameters estimated by
each model have not been compared clinically, and the
effectiveness of the model needs to be more exten-
sively tested.
4.1.2.3 VERDICT

VERDICT is a biophysical, multi-compartment
model fitted on DW-MRI measurements (Panagiotaki
et al., 2014). This model focuses on diffusion times
of ¢,,=10—40 ms, a timeframe achievable by PGSE
sequences, thus making it more suitable for clinical
application. The VERDICT model measures PGSE
sequences in various directions and at multiple » values.
Characteristically, it considers vascular modeling, giv-
ing it more parameters and increased complexity. Its
basic form is as follows:

N
? =ﬁcSic(ds9Di) +f£3ESSEES(Dc) +ﬁ/ascSvasc(Dvasc) ’ (4)
0

where D,, D, and D, are the intrinsic diffusivities. f;,
Jus» and f . are the relaxation-weighted signal frac-
tions (f,1fustf.=1) of the intracellular space, extra-
cellular space, and vascular ADCs, respectively, and
S.» Sers, and S, are the corresponding signals. In prac-
tical applications, several parameters are usually fixed
to enhance parameter fitting stability including D,, D,,
and D,.

VERDICT is applied mainly to diseases rich in

vascular changes, such as prostate cancer. Its first in

vivo application was to quantify and map histologic
features of tumors. Results showed that the intracellular
volume fraction derived from VERDICT is extremely
close to microstructural parameters obtained from his-
tological stained slices, with cell volumes being slightly
larger—possibly due to shrinkage during tissue slice prep-
aration. Experimentation on colorectal adenocarcinoma
xenografts in mice indicates that different tumors yield
significantly different VERDICT-derived intracellu-
lar volume fractions, cellular size indices, and pseudo-
diffusion coefficients, demonstrating VERDICT’s poten-
tial for studying tumors on a region-based level and
revealing underlying heterogeneity.

Panagiotaki et al. (2015) demonstrated the feasi-
bility of applying VERDICT to prostate cancer in a clin-
ical setting. They found significant increases in esti-
mated £, and f,, and a decrease in the f..; (p=0.05) for
malignant peripheral zones compared with benign
peripheral zones. This finding has been replicated by
multiple research groups and inspired more research-
ers to explore the application of the VERDICT model
in prostate cancer (Johnston et al., 2016, 2019; Bailey
et al., 2018; Singh et al., 2022).

However, key challenges to VERDICT’s clinical
application remain, including the specific assumptions
about cell structure and substantial signal loss due to
relaxation during long spin-echo times. While a discus-
sion has emerged around different modeling approaches
for each part concerning the goodness-of-fit of data,
the adoption of the ball-ball-sphere (BBS) model for
the three compartments may better explain micro-
structural characteristics of prostate bone metastatic
tumors (Bailey et al., 2018), reflecting the need to fine
tune model assumptions in various clinical applica-
tions. Palombo et al. (2023) developed the relaxation-
optimized model (rVERDICT), which provides T1/T2
estimates and microstructural parameters unaffected
by tissue relaxation properties. In particular, due to the
complexity of VERDICT models, pre-fixed parameters
are generally used in clinical use, or more appropriate
fitting tools are applied and developed to enhance their
clinical feasibility (Fokkinga et al., 2023). Nonethe-
less, VERDICT requires acquisition optimization for
high b values (up to ~3000 s/mm”) and various 4 and J
along with potential ¢, in its recent extensions, sug-
gesting it still relies on extended acquisition schemes
that might be impractical in clinical scenarios with
limited scanning time.



4.1.2.4 Other models

In addition to the primary models referenced
above, there are other models applicable to brain tumor
and cerebral fiber imaging. The SSIFT model (Devan
et al., 2022) uses the area encased by signals at differ-
ent times to distinguish brain tumors from peritumor
edema and radiation necrosis due to the model’s sensi-
tivity to cell size. Kakkar et al. (2018) suggested that
estimates of axon diameter from using OGSE ActiveAx
are more accurate and precise than those from using
single diffusion encoding (SDE). Herrera et al. (2022)
proposed a model for studying human axons with
diameters in the 1-2 pm range using OGSE sequences.
This model emphasizes the necessity of axonal orien-
tation dispersion, demonstrating closer fitting results
than ActiveAx and histological outcomes.

4.2 Diffusion in the long-diffusion-time regime

4.2.1 Physical picture: behavior of water molecules
diffusing in the long-time regime

Long-term diffusion approximates the tortuous
limit of water molecule diffusion within tissues, lead-
ing to a coarse-graining effect (Fig. 5) at the cellular
and subcellular scale. Given that the theoretical diffu-
sion distance of water molecules surpasses cell size,
the permeability of the cell membrane might emerge
as a new index affecting the expression of the diffu-
sion coefficient. On the other hand, local fluctuations
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in the weak heterogeneous media determine the asymp-
totic approximation of the diffusion coefficient to the
tortuous limit. This provides an angle to noninvasively
infer the global diffusion dimension of water mole-
cules and the distribution of tissue structures. Some of
these insights include identifying mesoscale structures
affecting water diffusion in muscle and brain tissue
based on specific values of the dynamic index during
MRI measurement, or explicating structural changes
underpinning the drop in diffusion coefficient during
ischemic stroke (Novikov et al., 2014), and reflecting
demyelination levels through changes in membrane
permeability (Nedjati-Gilani et al., 2017).

Note that in numerous scenarios, these two mech-
anisms compete, i.e., water exchange phenomena exist
between two compartments undergoing separate coars-
ening. Several articles have discussed this particular
phenomenon (Lee et al., 2020b; Jelescu et al., 2022;
Olesen et al., 2022). Lee et al. (2020b) discussed these
two situations based on the water exchange time (z,)).
In the long domain, if ¢,<t,, the dominance of struc-
tural disorder is considered. If 7=z, the water exchange
process plays a dominant role in signal expression.

4.2.2 Models and applications

4.2.2.1 Power law

Mitra et al. (1993) and Parsons et al. (2006) pro-
posed a power-law expression of the time dependence
of the internal diffusion coefficient in the short-term
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Fig. 5 (a, b) Different structural universality classes in dimensions d=2 and d=3 (reprinted from (Lee et al., 2020b),
Copyright 2020, with permission from Springer Nature); (c) Coarse-graining illustrated by the diffusion in a medium where
the mesoscopic structure is created by randomly placing black disks of two different radii (reprinted from (Novikov et al.,
2018), Copyright 2018, with permission from John Wiley and Sons)
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domain. As the diffusion time increases, the power law
might be affected by D(f)~f" or higher order quanti-
ties (Parsons et al., 2006; Xu et al., 2011). In the tortu-
ous limit, weakly heterogeneous media exhibit local
fluctuations, implying perturbative solutions to its dif-
fusion time dependence. Novikov et al. (2014) sup-
ported the proposal that the dynamic index of the in-
stantaneous diffusion coefficient 7X7) altering over time
can distinguish among universal categories of meso-
scopic structural complexity.

D(t)~D, + A1, 9= %, (5)

where A4 is the associated strength of the structural
disorder, which is being effectively coarse-grained
(Novikov et al., 2019) by the molecules traveling over
an increasing diffusion length, and the structural expo-
nent p determines the structural universality class in d
spatial dimensions, as shown in Fig. 5. The dynamical
exponent & characterizes diffusion in the long-time
limit. dMRI typically measures the cumulative diffusion
coefficient D(¢), which is the time-integrated instanta-
neous diffusion coefficient ZX¢). Therefore, a 9 greater
than 1 would be obscured by 1. The interpretation of
9 determines the disorder in the placement of restric-
tions, enabling the identification of their exact source
and the selection of the most suitable model based on
the measurements. For example, 3=1/2 is the signature
of a short-range disorder in 1D diffusion, and was
observed in both healthy rat brains and those with
large-scale ischemia. This indicates the decrease of the
diffusivity in lesions is due to structural changes affect-
ing the diffusion along randomly oriented narrow neu-
rites, such as beading (Novikov et al., 2014; Lee et al.,
2020b). On the other hand, the slope 4 reflects the
role of disorder, and can be interpreted as changes in
restriction properties, though the specific relationship
requires further exploration (Lee et al., 2020a). Note
that in different measurement directions, the power and
slope may vary. For instance, while diffusion along the
fiber in fresh ex vivo muscle tissue samples is unre-
stricted, the transverse components demonstrate disper-
sion with 9=1/2 in 2D diffusion. Therefore, it is crucial
to evaluate dispersion effects in the main direction
(Novikov et al., 2014; Lee et al., 2020a).

Power laws provide theoretical support for under-
standing water diffusion patterns in brain, tumor, and
muscle tissues. As mentioned above, 3=1/2 has been

demonstrated in both healthy and globally ischemic
rodent brains (Does et al., 2003; Novikov et al., 2014;
Wu and Zhang, 2017). Lee et al. (2020b) reported
similar power in the cortical gray matter of humans,
suggesting that short-range disorder with p=0 in one
dimension is a common microscopic characteristic of
mammalian neuronal heterogeneity. Specifically, the
diffusion in gray matter is dominated by intracellular
diffusion, which is hindered mainly by spines and beads
along dendrites and axons. The value of 9=1/2 was also
observed in the structure of mouse leg muscle fibers
in the long-time range (Winters et al., 2018), indicat-
ing the characteristic of the extended permeable mem-
brane (barrier) disorder class. This corresponds to 2D
diffusion occurring between lines drawn at random
angles on a plane. In the context of cancer, power-law
behavior with $=1 has been reported in prostate cancer.
The mean diffusivities in both benign and malignant
peripheral zones decrease significantly with time accord-
ing to a power law (1) (»p<0.029), while this behavior
is not observed in the benign transition zone. This
could potentially reveal differences in microstructure
characteristics among prostate regions. Additionally,
the time dependence of ' could inform the selection
of diffusion times in measurements to maximize the
detection of significant differences in tumor grade
(Lemberskiy et al., 2017a).

Recent studies have further explored the law. In
measurements of both in vivo and in vitro animal exper-
iments using PGSE (considered as 0 Hz) and OGSE
(50-250 Hz), Xu et al. (2012) found that ADC had
an approximately linear relationship with frequency.
Hence, including PGSE as 0 Hz could potentially over-
shadow the frequency/time dependency of the measured
ADC (Van et al., 2014). 3=1/2 (Arbabi et al., 2020) and
a trend toward $<1 (Baron and Beaulieu, 2014) have
been observed in the in vivo human brain using f/~0—
60 Hz and /=0—50 Hz OGSE. In global white matter
and some cortical regions of interest (ROIs), Dai et al.
(2023) noted that the kurtosis index ($,) deviated from
0.5 or 1.0, indicating that in human cortex, the transi-
tion time of kurtosis from short-time to long-time limits
could be between 14.2 and 21.2 ms, during which a
mixed effect of size restriction and water exchange
could occur (Lee et al., 2020b; Dai et al., 2023).
4.2.2.2 RPBM

RPBM is a method that does not assume specific
cellular geometric shapes. Novikov et al. (2011), who



developed the RPBM model, found the disordered
extended restrictions in d=2 dimensions seemed to
provide an adequate sketch of a cross-section of myo-
fibers. This method assumes that the muscular mem-
brane is the primary restriction for water movement,
typically using STEAM sequences to cover diffusion
times from tens to hundreds of milliseconds. RPBM
is characterized by three parameters: the free diffusion
coefficient D,, the membrane permeability x (assumed
to be the same for all membranes), and the ratio of mem-
brane surface to volume S/V. Its basic expression is:

D(w) = Do ,
1+{+2z,(1-z,) 1+#2
v  (d-z,)
z,=1Viwt. (6)

It is represented by three parameters D,, {, and z,,
where the effective “volume fraction” {=(S/V)/d occu-
pied by the membrane (here d denotes the dimension
of diffusion), and =D,/(2x)’. The real part of D(w) is
determined by the signal measured by OGSE, while
the results of PGSE are used for the fitting of the cumu-
lative diffusion coefficient D(r) (Novikov et al., 2011;
Fieremans et al., 2017).

This model is used mainly in muscle tissues and
cancer models. A significant correlation between the
measured S/ and the perimeter-to-area ratio (P/A)
obtained from histology was found in murine leg
muscle fibers in vivo (=0.56, p=0.025) and ex vivo (7=
0.71, p=0.01), suggesting a significant correlation in
restriction size and revealing that muscle cell size and
membrane permeability could be important microstruc-
tural indicators of muscle growth (Winters et al., 2018).
Some studies in humans that explored the feasibility
of clinical applications found that the microstructural
markers explained by RPBM could potentially be used
to reveal chronic exertional compartment syndrome
(Sigmund et al., 2014), calf and shoulder muscle atro-
phy (Fieremans et al., 2017; Lemberskiy et al., 2021),
and other potential insights into pathological changes in
muscle tissue. Recently, RPBM was applied to in vivo
studies of oropharyngeal squamous cell carcinoma,
revealing a strong correlation between tumor S/) and
histological results (=0.47, p=0.014). It was shown to
correlate with the clinical staging of oropharyngeal or
oral cavity squamous cell carcinomas (OPSCC/OCSCC)
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and could possibly be used to quantify microstructural
parameters and the early response of cancer cells to
treatment (Cao et al., 2024).
4.2.2.3 Kirger model

One crucial assumption of most biophysical mod-
els within the short-time domain is that water exchange
between cells can be neglected, yet this assumption
may not hold in the long-time regime (Nilsson et al.,
2009; Jelescu et al., 2022). As a result, specific models
incorporating intra- and extracellular water exchange
should be developed. The most classic model is the
two-compartment model with exchange capability,
namely the Kérger model (KM) (Kérger, 1985; Karger
et al., 1988). This model assumes that spins of two
components occupy space at ratios of f; and f, respec-
tively, with position-independent exchange occurring.
The diffusion coefficients are D, and D,. Coupled
Bloch-Torrey equations are used to describe the changes
in dual-component magnetic density at any location
in space. When the residue times 7, and z, of the spins
in the two compartments meet the equilibrium condi-
tion (f,r,=f;t=1.), the equations give a double expo-
nential form of signal attenuation:

S he e %)
where M, denotes the diffusion-weighted transverse
magnetization, and M, represents the value without
diffusion weighting. The weighted volume fractions
(f), f5) and diffusion coefficients (D], Dj;) are deter-
mined together with £, f,, D,, D,, 7,, 7,, and the diffu-
sion gradient vector q.

A number of computer simulations have validated
the effectiveness of the KM in the long-time domain
and made corrections for the time-dependent restric-
tions of compartments within KM and the impact of
T2 relaxation (Price et al., 1998; Stanisz et al., 1998;
Meier et al., 2003; Harkins et al., 2009; Fieremans et al.,
2010; Haddar et al., 2016). Results of cell experiments
(Andrasko, 1976; Tanner, 1983), animal experiments
(Paran et al., 2004; Jespersen et al., 2018; Jelescu et al.,
2022; Olesen et al., 2022; Li et al., 2023), and human
brain experiments (Nilsson et al., 2009; Lee et al.,
2020b; Jelescu et al., 2022) indicate the applicability
of KM in the context of red cells, brain white and gray
matter, and tumor models, validating its effectiveness
in capturing water exchange phenomena. According
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to the results based on KM fitting, water exchange in
healthy human brain white matter is considered to be
at the second or sub-second level, while demyelin-
ation leads to a reduction in exchange time (Nedjati-
Gilani et al., 2017). Recently, KM has revealed that
water exchange could be an indicator to measure mi-
crostructural characteristics in stroke patients (Létt
et al., 2009), developing brains or neurodegenerative
diseases (Brusini et al., 2019; Olesen et al., 2022).

Note that, even though KM can be considered
approximately valid in brain and muscle tissues (Fier-
emans et al., 2010), studies have found that KM fails
in cases of rapid exchange (Fieremans et al., 2010;
Nedjati-Gilani et al., 2017). Therefore, when KM is
applied in processes involving rapid exchange, or ap-
plied to tissues with complex microstructures, the defini-
tion of multi-site exchange models seems ambiguous
and needs careful discussion (Gardier et al., 2023).
4.2.2.3.1 TDKI

Diffusion kurtosis imaging (DKI) reveals the
non-monotonic changes of kurtosis values in water
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exchange, which increase in the short-time domain
and decrease in the long-time domain (Jensen et al.,
2005; Jensen and Helpern, 2010). When the diffu-
sion coefficient of the object under study does not
change with time, indicating complete coarsening, it
means that the applicable range of KM has been
reached, and thus the water exchange time can be fitted
from the time-dependent tail change of K(¥):

K(t) =K, 2;“ {1 - T;* (l—e“’*

} +K,, ®)

where K, represents the intrinsic kurtosis, and K sig-
nifies the situation where non-exchanging compart-
ments remain.

This method has been applied to the measure-
ment of water exchange in animal and human brain
gray and white matter (Aggarwal et al., 2020; Lee et al.,
2020b; Li et al., 2023), and tumor cells (Zhang et al.,
2021; Solomon et al., 2023). Fig. 6 exhibits the example
of TDKI application in breast tumor. When using the
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Fig. 6 TDKI data of two biopsy proven invasive ductal carcinomas in a 35-year-old woman (a-d) and a 56-year-old
woman (e-h). In the long-time regime, D(7) shows weak time dependency while K(r) drops significantly. Reprinted from
(Zhang et al., 2021), Copyright 2021, with permission from John Wiley and Sons



STEAM sequence, the complete coarsening time (D(7)
is time-invariant) for mouse gray matter structure is
expected to be between 100 and 200 ms. In the study of
Li et al. (2023), the exchange time for ex vivo mouse
white matter was measured to be (232.4+16.0) ms (K, =
0) and 7,=(17.6+10.5) ms (K,>0). Zhang et al. (2021)
used a diffusion time of up to 800 ms to measure the
exchange time in living mouse cortex bands, which
was 30—40 ms. When using the PGSE sequence, the
time dependency of D(#) becomes very weak for animal
and human gray matter when the diffusion time exceeds
20 ms. Jelescu et al. (2022) used the PGSE sequence
to measure the exchange time in rat brain gray matter
cortex in vivo in the range of 10—45 ms, which gave
7,,= 16-21 ms (K, =0) and 7, = 0.4—0.9 ms (K,>0). Lee
et al. (2020b) used the PGSE sequence to measure the
exchange time in human brain gray matter in the
range of 21-100 ms, which showed an estimated ex-
change time of about 11 ms. As for tumors, Zhang
et al. (2021) measured 7, =68 ms in a mouse model of
breast cancer and found similar exchange times (70
and 106 ms) in human experiments. Solomon et al.
(2023) measured the water exchange time in clinical
metastatic lymph nodes of head and neck cancer to be
between 50 and 70 ms. The exchange times estimated
in previous studies are listed in Table 2.
4.2.2.3.2 Combination of restriction and Karger model
One approach is to integrate the KM with multi-
compartment models, specifying the two compartments
of the KM as the intracellular (i.e., restricted) and
extracellular (i.e., hindered) spaces. Sometimes a third
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compartment that does not participate in the exchange
is added, considering the exchange between the intra-
cellular and extracellular compartments, which better
describes the phenomenon of water exchange existing
in specific tissue structures such as brain gray matter,
white matter, and tumors. NEXI (Jelescu et al., 2022),
SANDIX, and SMEX (Olesen et al., 2022) have been
used mainly in studies of brain gray and white matter.
Jelescu et al. (2022) estimated the exchange time of
living rat gray matter to be 12-20 ms. The JOINT
model (Jiang et al., 2022) and CEXI model (Gardier
et al., 2023) have been used mainly in studies of tumor
tissues. Studies have involved performing simulation
verification on the application of permeable limited
sphere models and cell models, aiming to simultane-
ously measure cell size and transmembrane exchange
information. Due to the requirements of higher b
values (up to 10* s/mm’) and shorter diffusion times,
NEXI and CEXI have not yet been applied in human
clinical practice. Recently, a model that can extend KM
to any number of compartments has been proposed,
using new indicators to explain water exchange (Jensen,
2024). A measurement strategy such as the free-gradient
waveform has been developed to decouple restriction
and exchange (Chakwizira et al., 2023). However, the
gray and white matter structure of the brain is very
complex. Taking into account the volume ratio of gray
and white matter, differences in T1 and T2 relaxations,
and the choice of diffusion time and sequence, esti-
mates of water exchange time in different studies vary
greatly. Even with the same model, different sequence

Table 2 Application of transmembrane water exchange time estimation in different studies

ROI Model Exchange time (mean) (ms) Reference

Animal brain gray matter NEXI 22 Jelescu et al., 2022
TDKI (K,=0) 21 Jelescu et al., 2022
TDKI (K,>0) 0.4 Jelescu et al., 2022
TDKI (K,>0) 41 Zhang et al., 2021

Animal brain white matter NEXI 105 Jelescu et al., 2022
TDKI (K,=0) 2324 Lietal., 2023
TDKI (K,>0) 17.1 Lietal., 2023

Animal tumor TDKI (K,>0) 68 and 93 (breast cancer) Zhang et al., 2021

Human brain gray matter TDKI (K,>0) 11 Lee et al., 2020b
TDKI (K,=0) 250 Lee et al., 2020b
Cumulant expansions 135 Chakwizira et al., 2023

Human brain gray matter Cumulant expansions 285 Chakwizira et al., 2023

Human cerebellar gray matter Cumulant expansions 115 Chakwizira et al., 2023

Human tumor TDKI (K >0)

50-70 (head and neck cancer), 88 (breast cancer) Solomon et al., 2023
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parameters can yield different estimates. For example,
in the four datasets used in NEXI, the water exchange
time for the cortex changes in the range of 10—60 ms
(Jelescu et al., 2022). Numerous studies have demon-
strated the potential for exchange between multiple
compartments in the gray matter and the confounding
effects of microstructures, but there is a lack of histo-
logical verification for the measurement values of
water exchange and an urgent need for appropriate
optimization solutions to bring these models into clini-
cal application. The activity of water exchange reflected
by the water exchange time may reflect the activity of
tumor cells, the level of myelination, and the acute cell
swelling and final membrane breakdown after ischemic
stroke and disease processes. Thus, it is critical in
studies of etiology and disease mechanisms of tumors
and brain diseases, early diagnosis, and monitoring
progress changes in the process of drug development.

5 Future developments
5.1 Hardware and acquisition

The extension of the diffusion time spectrum
depends on the implementation of OGSE with higher
frequencies and b values. Because b~G'/f* (Xu, 2021),
a stronger maximum gradient strength G, and faster
slew rate are required to achieve a higher frequency f
while maintaining a reasonable b value. Over the past
twenty years, the development of high gradient tech-
nology has propelled the whole-body gradient system
of mainstream clinical superconducting magnetic res-
onance scanners from a G, of about 40 mT/m and
R, of about 200 T/(m's) to 240 mT/m and 200 T/(m's),
respectively (United Imaging uMR Sagitta). In addition,
the coil performance of the ultra-high gradient MRI
system for head imaging has been increased to G, =
650 mT/m and R,,,,=600 T/(m-s). Under this system,
the highest frequency f of OGSE can theoretically
reach 250 Hz (¢,=1 ms) while keeping »=500 s/mm’.
High-performance gradient systems can further enhance
dMRI contrast and improve microstructural estimation
accuracy (Wu et al., 2024).

Acquisition needs to be further improved to avoid
undesired effects in the process. For instance, in cur-
rent in vivo human studies, the use of OGSE in whole-
body gradient systems is generally limited to relatively
low b values and/or oscillation frequencies. To avoid

signal attenuation caused by microcirculation flow at
low b values, Wu and Zhang (2017) developed the
DEFOG (diffusion encoding with dual-frequency
orthogonal gradients) method. Some studies have
also found that the effective spoiling gradient in the
STEAM sequence (responsible for shattering the rem-
nant magnetization after storage) may affect the theo-
retical diffusion time at long ¢, (Kleinnijenhuis et al.,
2018; Solomon et al., 2023). Additionally, while it
avoids T2 decay, the T1 decay effect in the STEAM
sequence might also be a potential factor impacting
the signal (Solomon et al., 2023).

5.2 Optimization of models

A model is a simplified sketch of reality that can
describe only a few relevant features of a tissue when
its assumptions are met. Therefore, the design of models
needs to focus on the main estimation parameters
and sensible design of each experiment (i.e., pulse
sequences, protocol parameters, etc.) to provide the
most meaningful biomarkers and contrast (Jelescu et al.,
2020). For example, our understanding of brain gray
matter has evolved from “soma affecting the power
law” (Palombo et al., 2020) to “both soma and ex-
change affecting the power law” (Jelescu et al., 2022).

The model fitting strategy is a critical factor to
consider when assessing a model’s suitability for clin-
ical applications. If a model includes too many free
parameters, it may encounter difficulties during fit-
ting. Given the presence of inevitable noise and arti-
facts in clinical scan data, it is essential to develop fit-
ting algorithms that enhance accuracy, robustness,
and efficiency. The use of techniques such as acceler-
ated microstructure imaging via convex optimization
(AMICO), machine learning, and deep learning net-
works has significantly enhanced the effectiveness of
model fitting (Nedjati-Gilani et al., 2017; Bonet-Carne
etal., 2019; Wu et al., 2023; Zheng et al., 2023).

Model validation requires histological inspection.
Unfortunately, some models, such as water exchange,
cannot obtain reliable histological validation (Lee et al.,
2020b; Zhang et al., 2021; Li et al., 2023). Numerical
models complement physical models as they provide
a controlled and flexible tool to simulate how differ-
ent mechanisms, such as diffusion, exchange, relax-
ation, and susceptibility changes, affect the magnetic
resonance signal in a given microstructural geometry.
The development of simulation models (Hwang et al.,



2003; Cook et al., 2005; Xu et al., 2007; Lee et al.,
2021) and phantoms (Solomon et al., 2023; Xu et al.,
2023) have greatly fostered the validation of models.
The development of models normally aims at
generating quantitative biophysically specific imaging
biomarkers. Numerous novel models and associated bio-
markers have been proposed and used in disease diag-
nosis, prognosis, and various other domains (Table 1).
However, despite these advancements, there remains
a lack of multicenter validation, and the establishment
of a universally acknowledged clinical application for
microstructural maps remains elusive. Additionally,
some techniques yield inconsistent, poorly understood,
or contradictory outcomes, such as variations in water
exchange time measurements across different models
and discrepancies in axon diameter assessments. Hence,
there is a pressing need for revolutionary modeling and
validation studies, coupled with meticulous attention
to calibration and reproducibility, to fully harness the
potential of non-invasive three-dimensional intravital
microstructural mapping (Novikov et al., 2018).

5.3 Clinical translation

dMRI lacks standardization. For example, in the
diagnosis and treatment of breast cancer, the relation-
ship between the ADC value and b value selections
has been widely recognized (Baltzer et al., 2020),
solving the problem of significant differences in ADC
value results from different reports (Ilima et al., 2020Db).
However, diffusion time is still a forgotten parame-
ter, yet has a tremendous impact (lima et al., 2021).
Some studies have reported that different measure-
ment times can cause up to 15% differences in ADC
values (Someya et al., 2022), and in an extreme case,
ADC could increase at long diffusion time but decrease
at short diffusion time after treatments (Xu et al., 2012).
The same problem also occurs in the diagnosis of other
diseases. The standardization of diffusion time is also
an important issue.

To apply in vivo microstructure imaging to cancer
patients, the acquisition time must be tolerable, for
example, about 10 min or less, as other anatomical
and physiological images must be acquired from the
same imaging process (Cao et al., 2024). For diseases
like stroke that require urgent treatment, the patient’s
collection time needs to be even shorter. How to reduce
collection time and ensure richer structural informa-
tion puts high demands on the design of models and
fitting algorithms.
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6 Conclusions

There have been significant advances in TDDMRI
research, with the technique gaining increased recog-
nition as a powerful tool for revealing the microstruc-
ture of tissues. Advances in hardware, sequence designs,
and the development of various mathematical models
and computational methods have significantly enabled
its application in diverse areas. From basic research to
applications in early disease diagnosis, TDDMRI has
shown great potential. However, there remain chal-
lenges to overcome. We must push for more efficient
scanning and data processing technologies, develop
accurate models to better describe and quantify the
time-dependent behavior of molecular diffusion, and
strive to develop more clinical application scenarios.
Attention to these measures will ensure that this tech-
nology continues to evolve and provide invaluable
insights into molecular diffusion in biological systems.
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